The genetic basis of brain structure and function is largely unknown. We carried out 16 genome-wide association studies of 3,144 distinct functional and structural brain 17 imaging derived phenotypes in UK Biobank (discovery dataset 8,428 subjects). We 18
microbleeds and aspects of white matter (WM) micro-structure. Brain function is 48 typically measured using task-based functional MRI (tfMRI) in which subjects 49 perform tasks or experience sensory stimuli, and uses imaging sensitive to local 50 changes in blood oxygenation and flow caused by brain activity in grey matter. Brain 51 connectivity can be divided into functional connectivity, where spontaneous temporal 52 synchronisations between brain regions are measured using fMRI with subjects 53 scanned at rest, and structural connectivity, measured using diffusion MRI (dMRI), 54 which images the physical connections between brain regions based on how water 55 molecules diffuse within white matter tracts. For those not familiar with the 56 neuroimaging field, we have provided a glossary in Supplementary Note 1. 57 58 A new resource for relating neuroimaging measures to genetics is UK Biobank, a rich, 59 long-term prospective epidemiological study of 500,000 volunteers 2 . Participants 60 were 40-69 years of age at baseline recruitment, a major aim being to acquire as rich 61 data as possible before disease onset. Identification of disease risk factors and early 62 markers will increase over time with emerging clinical outcomes 3 . A brain and body 63 imaging extension will scan 100,000 participants by 2020, with brain imaging 64 including three structural modalities, resting and task fMRI, and diffusion MRI 4 65 ( Supplementary Table 1 ). A fully automated image processing pipeline removes 66 artefacts and renders images comparable across modalities and participants. The 67 pipeline also generates thousands of image-derived phenotypes (IDPs), distinct 68 individual measures of brain structure and function 5 . Example IDPs include the
Significant associations between IDPs and SNPs 138 139
In all analyses we estimated genetic effects with respect to the number of copies of 140 the non-reference allele. Using a minor allele frequency filter of 1% and a -log 10 p-141 value threshold of 7.5, we found 1,262 significant associations between SNPs and the 142 3,144 IDPs. These associations span all classes of IDPs, except task fMRI 143 (Supplementary Table 4) , with the swMRI T2* group showing a relatively large 144 number of associations. The -log10 p-value threshold of 7.5 controls for the number 145 of tests carried out across SNPs and takes into account the correlation structure 146 between genetic variants. 844 and 455 of these 1,262 associations replicated at the 5% 147 significance level using our two smaller replication datasets (Methods and 148 Supplementary Table 5 ). Some associated genetic loci overlap across IDPs; we 149 estimate that there are approximately 427 distinct associated genetic regions 150 ("clusters"), and 148 of these "clusters" have a lead SNP that replicates at the 5% 151 level in our replication set of 3,456 participants, and 91 below a 5% False Discovery 152 Rate (FDR) threshold. We would expect ~21 of the lead SNPs in the 148 clusters to 153 replicate under a null hypothesis of no association. 154 155 At a threshold of -log10 p-value > 11, which additionally corrects for all 3,144 156 GWAS carried out (see Methods), we find 368 significant associations between 157 genetic regions and distinct IDPs ( Supplementary Table 6 , Supplementary Figure  158 4). These associations with 78 unique SNPs can be grouped together into 38 distinct 159 clusters by grouping across IDPs ( Table 1) . Taking our lead SNP in each of the 38 160 regions, we find that all 38 have p<0.05 in our replication set of 3,456 participants, 161 and all 38 are significant at 5% FDR. We found no appreciable change in these 162 GWAS results when we included a set of potential body confound measures in 163 addition to the main set of imaging confound measures (see Methods and 164 Figure 8 shows the 173 PheWAS plots for all 78 SNPs listed in Supplementary Table 6 with -log10p>11. 174
The Oxford Brain Imaging Genetics (BIG) web browser (see URLs) allows 175 researchers to view the PheWAS for any SNP of interest. We found that 4 of the 78 176 SNPs were associated (p-value < 0.05/3144, i.e., -log 10 p-value > 4.79) with all 3 177 classes of structural, dMRI and functional measures, and these were all SNPs in 178 cluster 31 of Table 1 (see pages 62-65 of Supplementary Figure 8 . This genetic 179 locus is associated with the volume of the precuneus and cuneus, dMRI measures for 180 the forceps major (a fibre bundle connecting left and right cuneus), and two functional 181 connections (parcellation 100 edges 614 and 619, which connect the precuneus to 182 other cognitive networks). Supplementary Figure 9 illustrates the sharing of 183 association signal across IDPs at the 615 unique SNPs listed in Supplementary 184 Table 5 . Supplementary Figure 10 shows the relationship between the number of 185 associations found and the estimated SNP heritability for each IDP. 186 187 Overall, our results clearly replicate the majority of the loci identified by the 188 ENIGMA consortium in two separate GWAS of 7 brain subcortical volume IDPs in 189 up to 13,171 subjects 7 , and of hippocampal volume in 33,536 subjects (although not 190 all reached genome-wide significance, likely due to the smaller sample size in our 191 study: Supplementary Figure 11) . We also replicate an association between volume 192 of white matter hyperintensities ("lesions") and SNPs in TRIM47 (e.g., rs3744017, 193 P=1.4E-12, cluster 37) 18 . 194
195
It can be challenging to precisely interpret the function of SNPs identified in GWAS. 196 We find that most of the SNPs in the 38 loci in Table 1 are either in genes, including 197 7 missense SNPs and 2 SNPs in untranslated regions (UTRs), or in high linkage 198 disequilibrium (LD) with SNPs that are themselves in the genes of interest, and many 199 are significant expression quantitative trait loci (eQTLs) in the GTEx database 19 . In 200 pontine tract (the part of the pontocerebellar fibre bundle arising from pontine nuclei 273 that decussate across the brain midline to project to contralateral cerebellar cortex) in 274 genes that regulate axon guidance and fasciculation during development (SEMA3D,  275   rs2286184, P=5.31E-17, cluster 15 and ROBO3, rs4935898 (missense), P=1.76E-19,  276 cluster 27, Figure 5 ). The exact location of our IDP in the crossing fibres of the pons 277 remarkably coincides with the function of ROBO3, which is specifically required for 278 axons to cross the midline in the hindbrain (pons, medulla oblongata and cerebellum); 279 mutations in ROBO3 result in horizontal gaze palsy, a disorder in which the 280 corticospinal and somatosensory axons fail to cross the midline in the medulla 42 . 281
Notably, all three significant associations with the IDP of the crossing pontine tract 282 were found using the mode of anisotropy (MO), which is a tensor-model dMRI 283 measure particularly sensitive to regions of crossing fibres 43 . 284
285
Multi-phenotype association tests 286 287
One alternative strategy for analysing large numbers of IDPs is to use multi-trait tests 288 that fit joint models of associations to groups of IDPs. Such approaches can utilise 289 estimates of genetic correlation to boost power. In addition, by analysing P traits in 290 one GWAS, these tests can avoid the need to correct for multiple genome-wide scans. 291
We used a multi-trait test (see Methods) to analyse 23 groups of IDPs with up to 243 292 IDPs per group. These IDP groupings were chosen to cover the majority of the IDP 293 classes with significant IDP correlations in each grouping ( Supplementary Table 7) . 294
Supplementary Figure 12 shows the Manhattan plots for these genome-wide scans. 295
Overall across these 23 groups, we found 278 SNPs at ~160 loci associated with -296 log 10 p-value > 7.5 (see Supplementary Table 8 ). We found that 170 of these 278 297
SNPs survived a correction for 23 scans with -log 10 p-value > 8.86 and 138 of these 298 170 SNPs had a p-value < 0.05 in the larger replication set of 3,456 samples. There 299 can be quite large differences in p-values between the multi-trait tests and the 300 individual IDP tests (Supplementary Figure 13) , especially when taking account of 301 the smaller number of tests carried out by the multi-trait approach (Supplementary 302 Figure 14 ). We found 25 loci that showed both a significant and replicated multi-trait 303 association for an IDP group, while showing no genome-wide significance in the 304 flanking region for any individual IDP in the corresponding grouping 305 ( Supplementary Table 9 Mutations in tubulin genes have been shown to correlate strongly with multiple 319 cortical and subcortical abnormalities 50 . 320
321
Another example of the value of the multi-trait testing can be seen in the association 322 between IDPs of global brain volume measurements and a SNP located between 323 BANK1 and ZIP8, previously identified in a GWAS of schizophrenia 51 (rs35518360, 324 P=4.07E-12). This locus is also part of a multi-modal cluster from our single-trait 325 GWAS that includes subcortical and cerebellar grey matter volumes, pallidum T2* 326 and dMRI in midbrain white matter tracts (cluster 10 in Supplementary Table 6 ). 327
The multi-trait test thus made it possible to uncover this additional association 328 between global brain volume measurement and this locus, which might prove relevant 329 in better understanding observations of smaller brain volume in (first episode/drug-330 naïve) schizophrenic patients 52 . 331
Another locus (rs112651271, p=3.23E-11) is associated with a dMRI IDP group 332 encompassing all measurements collected in major white matter tracts. This SNP lies 333 150Kb upstream of EDNRA, which plays a role in potent and long-lasting 334 vasoconstriction, and (likely related to this), has been linked to hypertension and 335 migraine, as well as intracranial aneurysm 53 . 336
337
The multi-trait analysis also uncovered an association with SNPs in the IL34 gene 338 (rs12928124, p=1.31E-10) and Freesurfer brain volume IDPs. IL-34 is a ligand of the 339 CSF-1 receptor (CSF-1R) that regulates CNS microglial development and has been 340 shown to regulate cortical development in mice 54 . Il-34 has also been shown to 341 promote clearance of soluble oligomeric amyloid-β, which mediates synaptic 342 dysfunction and neuronal damage in Alzheimer's disease. 55 . 343 344 Iron, cardiovascular traits and brain development in brain disorders 345 show a similar overlap, and ZIP8 hit has been found associated both with 362 schizophrenia and Parkinson's disease 62 , as well cardiovascular death 29 . 363
364
Similarly to ZIP8 and ZIP12, of those genes related to mental health disorders 365 identified both in the single-IDP and multi-trait analyses, most are strongly involved 366 in brain development and plasticity. This is the case of VCAN, for which SNPs have 367 been associated in a GWAS with major depressive disorder 39 , SEMA3D and DAAM1, 368 which might both contribute to schizophrenia 63 64 , ROBO3 that may be associated 369 with autism 65 and CTTNBP2, for which disruption is related to autism 66 , and 370 knockdown reduces the density and size of dendritic spines in neurons (rs12113919, 371 eQTL of CTTNBP2, P=3.96E-12, cluster 16). This latter SNP was interestingly 372 associated here with one dMRI measures in the corpus callosum, a white matter tract 373 that has been shown in dMRI meta-analyses to be the most consistently disrupted 374 white matter tract in autism 67,68 . 375 376 Genetic correlation with neurodegenerative, psychiatric and personality traits 377 378
We measured the genetic correlation (hence also co-heritability) between a subset of 379 heritable IDPs and 10 neurodegenerative, psychiatric and personality traits (see 380 Methods). We found some suggestive evidence of elevated levels of non-zero genetic 381 correlation for amyotrophic lateral sclerosis (ALS), schizophrenia and stroke, mainly 382 with dMRI measures in white matter tracts (Supplementary Figure 15) . The 383 strongest genetic correlation for ALS (P<10 -3 ) was found in the genu of the corpus 384 callosum (with a co-heritability of 0.63). This result is in line with consistent findings 385 of corpus callosum involvement in this degenerative disorder 69 . Correlations found in 386 schizophrenia with the tapetum (P<10 -3 ) were likely due to partial volume effects, 387
given that the next most strongly associated IDPs reflect ventricular and thalamic 388 volume, which are some of the most robust volumetric findings in this mental health 389 disorder 52 ; hence it is interesting to see the genetic input into this volumetric disease 390 association. While more modest correlations in stroke were observed, it was across a 391 wide range of dMRI IDPs, with the strongest genetic correlations (P<10 -2 ) in the 392 corona radiata, internal capsule and thalamic radiations, i.e., white matter tracts that 393 follow the probabilistic distribution of stroke 70 . Supplementary Table 10 We applied a statistical approach that partitions the additive genetic heritability of a 406 set of common variants for each of the 3,144 IDPs according to 24 functional 407 annotations of the genome 71 . Figure 6 summarizes which functional annotations show 408 enrichment stratified by 23 groups of IDPs (see also Supplementary Table 11 ). We 409 find that regions of the genome annotated as Super Enhancers and several histone 410 modifications show enrichment across many of the structural and diffusion IDP 411 groups. Regions of the genome enriched for histone modification H3K27me3 (and 412 indicating strong evidence for silenced genes) show depletion of heritability across 413 many of the IDP classes (Supplementary Figure 16) . IDP groups such as T1 414 Bringing together researchers with backgrounds in brain imaging and genetic 423 association was key to this work. We have uncovered a large number of associations 424 at the nominal level of GWAS significance (-log10 p-value > 7.5) and at a more 425 stringent threshold (-log10 p-value > 11) designed to (probably over-conservatively) 426 control for the number of IDPs tested. Our use of multi-trait tests uncovered further 427 novel loci. We find associations with all the main IDP groups except the task fMRI 428 measures (despite these measures containing usable signal, for example having unique 429 and strong cognitive associations 4 ). We mainly found associations between our MRI 430 measures and genes involved in brain development and plasticity, as well as with 431 genes contributing to transport of nutrients and minerals. Most of these genes have 432 also been demonstrated to contribute to a vast array of disorders including major 433 depression disorder, cardiovascular disease, schizophrenia, amyotrophic lateral 434 sclerosis and Alzheimer's disease. We further uncovered enrichments of functional 435 annotations for many of the structural and diffusion IDPs. 436 437 A valuable aspect of this work has been to link the associated SNPs back to spatial 438 properties of the voxel-level brain imaging data. For example, we have linked SNPs 439 associated with IDPs to both highly spatially localized (Figures 2,3 ,5) and widely 440 spatially distributed (Figure 4 ) effects, restricting these voxelwise analyses to the 441 same imaging modality from which the original phenotypic association was found 442 (though of course other modalities could also be tested in the same way). In addition, 443 looking at PheWAS plots has been useful when working with so many phenotypes. It 444 has allowed investigation of the overall patterns of association and has led to the 445 identification of SNP associations that span multiple modalities. 446
447
We have used two separate sets of 930 and 3,456 samples to replicate a large number 448 of the associations uncovered at the discovery phase. Over the next few years, the 449 number of UK Biobank participants with imaging data will gradually increase to 450 100,000, which will allow a much more complete discovery of the genetic basis of 451 human brain structure, function and connectivity. Combining the discovery and 452 replication samples will likely also lead to novel associations, as will the use of 453 methods that can analyze the huge IDP × SNP matrix of summary statistics of 454 association. A potential avenue of research will involve attempting to uncover causal 455 pathways that link genetic variants to IDPs and then onto a range of neurological, 456 psychiatric and developmental disorders. 457 458
Methods

460
Imaging data and derived phenotypes 461
462
The UK Biobank Brain imaging protocol consists of 6 distinct modalities covering 463 structural, diffusion and functional imaging, summarised in Supplementary Table 1 . 464
For this study, we primarily used data from the February 2017 release of ~10,000 465 participants' imaging data (and an additional ~5,000 subjects' data released in 466 January 2018 provided the larger replication sample). 467
468
The raw data from these 6 modalities has been processed for UK Biobank to create a 469 set of imaging derived phenotypes (IDPs) 4,72 . These are available from UK Biobank, 470 and it is these IDPs from the 2017/18 data releases that we used in this study. Secondly, we applied a dimension reduction approach to the large number of 490 functional connectivity IDPs. Functional connectivity IDPs represent the network 491 "edges" between many distinct pairs of brain regions, comprising in total 1,695 492 distinct region-pair brain connections (see URLs). In addition to this being a very 493 large number of IDPs from which to interpret association results, these individual 494 IDPs tend to be significantly noisier than most of the other, more structural, IDPs. 495
Hence, while we did carry out GWAS for each of these 1,695 connectivity IDPs, we 496 also reduced the full set of connectivity IDPs into just 6 new summary IDPs using 497 data-driven feature identification. We did this dimensionality reduction by applying 498 independent component analysis (ICA 77 ), applied to all functional connectivity IDPs 499 from all subjects, to find linear combinations of IDPs that are independent between 500 the different features (ICA components) identified 78 . We carried out the ICA feature 501 estimation without any use of the genetic data, and we maximized independence 502 between component IDP weights (as opposed to subject weights). We used split-half 503 reproducibility (across subjects) to optimize both the initial dimensionality reduction 504 (14 eigenvectors from a singular value decomposition was found to be optimal) and 505 also the final number of ICA components (6 ICA components was optimal, with 506 reproducibility of ICA weight vectors greater than r=0.9). The resulting 6 ICA 507 features were then treated as new IDPs, representing 6 independent sets (or, more 508 accurately, linear combinations) of the original functional connectivity IDPs. These 6 509 new IDPs were added into the GWAS analyses. The 6 ICA features explain 4.9% of 510 the total variance in the full set of network connection features, and are visualized in 511
Supplementary Figure 18 . More details of the ICA analysis of the resting state data, 512 together with browsing functionality of the highlighted brain regions can be found on 513 the FMRIB Biobank Resource web page (see URLs). 514
515
We organised all 3,144 IDPs into 9 groups ( Supplementary Table 12 ), each having a 516 distinct pattern of missing values (not all subjects have usable, high quality data from 517 all modalities 4 ). For the GWAS in this study we did not try to impute missing IDPs 518 due to low levels of correlation observed across groups. 519 520 The distributions of IDP values varied considerably between phenotype classes, with 521 some phenotypes exhibiting significant skew (Supplementary Figure 19) which 522 would likely invalidate the assumptions of the linear regression used to test for 523 association. To ameliorate this we quantile normalized each of the IDPs before 524 association testing. This transformation also helps avoid undue influence of outlier 525 values. We also (separately) tested an alternative process in which an outlier removal 526 process was applied to the un-transformed IDPs; this gave very similar results for 527 almost all association tests, but was found to reduce the significance of a very small 528 number of associations. This possible alternative method for IDP "preprocessing" was 529 therefore not followed through (data not shown). 530 531 Genetic data processing 532 533
We used the imputed genetic dataset made available by UK Biobank in its July 2017 534 release 6 . This consists of >92 million autosomal variants imputed from the Haplotype 535
Reference Consortium (HRC) reference panel 79 and a merged UK10K + 1000 536
Genomes reference panel. We first identified a set of 12,623 participants who had also 537 been imaged by UK Biobank. We then applied filters to remove variants with minor 538 allele frequency (MAF) below 0.1% and with an imputation information score below 539 0.3, which reduced the number of SNPs to 18,174,817. We then kept only those 540 samples (subjects) estimated to have recent British ancestry using the sample quality 541 control information provided centrally by UK Biobank 6 (using the variable 542 in.white.British.ancestry.subset in the file ukb_sqc_v2.txt); population structure can be a serious confound to genetic association studies 80 , and this type of sample filtering is 544 standard. This reduced the number of samples to 8,522. The UK Biobank dataset 545 contains a number of close relatives (3 rd cousin or closer). We therefore created a 546 subset of 8,428 nominally unrelated subjects following similar procedures in Bycroft 547 et al. (2017) . After running GWAS on all the (SNP) variants in the 8,428 samples we 548 applied three further variant filters to remove variants with a HWE (Hardy-Weinberg 549 equilibrium) p-value less than 10 -7 , remove variants with MAF<0.1% and to keep 550 only those variants in the HRC reference panel. This resulted in a dataset with 551 11,734,353 SNPs. 552
553
We used two separate datasets for replicating the associated variants found in this 554 study. The first set of 930 samples were a subset of the 1,279 samples with imaging 555
data that we did not use for the main GWAS, which had been primarily excluded due 556 to not being in the recent British ancestry subset. An examination of these samples 557 according the genetic principal components (PCs) revealed that many of those 558 samples are mostly of European ancestry (Supplementary Figure 20) . We selected 559 930 samples with a 1 st genetic PC < 14 from Supplementary Figure 20 and these 560 constituted the replication sample. In January 2018 a further tranche of 4,588 samples 561 with imaging data was released by UK Biobank. Of these subjects, we selected 3,956 562 subjects that both had genetic data available and also were imaged in the same 563 imaging center as the discovery sample. We applied the same pre-processing pipeline 564 as for the discovery set. We then restricted this to 3,456 subjects that were of recent 565
British ancestry and replication tests were then conducted on these 3,456 subjects. 566 567 Potential Confounds for brain IDP GWAS 568 569
There are a number of potential confounding variables when carrying out GWAS of 570 brain IDPs. We used three sets of covariates in our analyses relating to (a) imaging 571 confounds (b) measures of genetic ancestry, and (c) non-brain imaging body 572 measures. 573
574
We identified a set of variables likely to represent imaging confounds, for example 575 those being associated with biases in noise or signal level, corruption of data by head 576 motion or overall head size changes. For many of these we generated various versions (for example, using quantile normalization and also outlier removal, to generate two 578 versions of a given variable, as well as including the squares of these to help model 579 nonlinear effects of the potential confounds). This was done in order to generate a rich 580 set of covariates and hence reduce as much as possible potential confounding effects 581 on analyses such as the GWAS, which are particularly of concern when the subject 582 numbers are so high. 4,81 583 584 Age and sex are can be variables of biological interest, but can also be sources of 585 imaging confounds, and here were included in the confound regressors. Head motion 586 is summarized from the rfMRI and tfMRI as the mean displacement (in mm) between 587 one timepoint and the next, averaged over all timepoints and across the brain. Head 588 motion can be a confounding factor for all modalities and not just those comprising 589 timeseries of volumes, but is only readily estimable from the timeseries modalities. 590
Nevertheless, the amount of head motion is expected to be reasonably similar across 591 all modalities (e.g., correlation between head motion in resting and task fMRI is 592 r=0.52) and so it is worth using fMRI-derived head motion estimates as confound 593 regressors for all modalities. 594
595
The exact location of the head and the radio-frequency receive coil in the scanner can 596 affect data quality and IDPs. To help account for variations in position in different 597 scanned participants, several variables have been generated that describe aspects of 598 the positioning (see URLs). The intention is that these can be useful as "confound 599 variables", for example these might be regressed out of brain IDPs before carrying out 600 correlations between IDPs and non-imaging variables.
TablePosition is the Z-601 position of the coil (and the scanner table that the coil sits on) within the scanner (the 602 Z axis points down the centre of the magnet). BrainCoGZ is somewhat similar, being 603 the Z-position of the centre of the brain within the scanner (derived from the brain 604 mask estimated from the T1-weighted structural image). BrainCoGX is the X-position 605 (left-right) of the centre of the brain mask within the scanner. BrainBackY is the Y-606 position (front-back relative to the head) of the back of brain mask within the scanner. 607 608 UK Biobank brain imaging aims to maintain as fixed an acquisition protocol as 609 possible during the 5-6 years that the scanning of 100,000 participants will take. 610
There have been a number of minor software upgrades (the imaging study seeks to 611 minimise any major hardware or software changes). Detailed descriptions of every 612 protocol change, along with thorough investigations of the effects of these on the 613 resulting data, will be the subject of a future paper. Here, we attempted to model any 614 long-term (over scan date) changes or drifts in the imaging protocol or software or 615 hardware performance, by generating a number of data-driven confounds. The first 616 step was to form a temporary working version of the full subjects × IDPs matrix with 617 outliers limited (see below) and no missing data, using a variant of low-rank matrix 618 imputation with soft thresholding on the eigenvalues 82 . Next, the data is temporally 619 regularized (approximate scale factor of several months with respect to scan date) 620 with spline-based smoothing. We then applied PCA and kept the top 10 components 621 kept, to generate a basis set reflecting the primary modes of slowly-changing drifts in 622 the data. 623
624
To describe the full set of imaging confounds we use a notation where subscripts "i" Supplementary Figure 21 shows the association of these 8 variables against 661 the IDPs and shows significant associations. These are variables that likely have a 662 genetic basis, at least in part. Genetic variants associated with these variables might 663 then produce false positive associations for IDPs. To investigate this, we ran GWAS 664 for these 8 traits (conditioned on the imaging confounds and genetic PCs) 665 Figures 22) . We also ran a parallel set of IDP GWAS with these 666 "body confounds" regressed out of the IDPs. Most GWAS only analyze one or a few different phenotypes, and often uncover just a 725 handful of associated genetic loci, which can be interrogated in detail. Due to the 726 large number of associations uncovered in this study we developed an automated 727 method to identify, distinguish and count individual associated loci from the 3,144 728 GWAS (one GWAS for each IDP). For each GWAS we first identified all variants 729 with a -log10 p-value > 7.5. We applied an iterative process that starts by identifying 730 the most strongly associated variant, storing it as a lead variant, and then removing it, 731 and all variants within 0.25cM from the list of variants (equivalent to approximately 732 250kb in physical distance). The process was then repeated until the list of variants 733 was empty. We applied this process to each GWAS using 2 different filters on MAF: 734 (a) MAF > 0.1%, and (b) MAF > 1%. We grouped associated lead SNPs across 735 phenotypes into clusters. This process first grouped SNPs within 0.25cM of each 736 other, and this mostly produced sensible clusters, but some hand curation was used to 737 merge or split clusters based on visual inspection of cluster plots and levels of LD 738 between SNPs. For some clusters in Table 1 we report coding SNPs that were found 739 to be in high LD with the lead SNPs. 740 741 Accounting for multiple IDPs 742 743
(Supplementary
We adjusted the genome-wide significance threshold (-log10 p-value > 7.5) by a 744
Bonferroni factor (-log 10 (3144)=3.5) that accounts for the number of IDPs tested, 745 giving a threshold of -log 10 p > 11. This assumes (incorrectly) that the IDPs are 746 independent and so is likely to be conservative, but we preferred to be cautious when 747 analyzing so many IDPs. 748 749 750
Genetic correlation analysis 751 752
We used LD score regression 87 to estimate the genetic correlation between the IDPs 753 studied in our analysis and 10 disease, personality or brain related traits. We gathered 754 summary statistics for genome wide association studies of the neuroticism personality 755 trait, autism spectrum and sleep duration and also 7 disease traits: attention deficit 756 hyperactivity disorder, bipolar disorder, Alzheimer's disease, major depressive 757 disorder, schizophrenia, stroke and amyotrophic lateral sclerosis. The number of 758 samples in each of these studies and the DOIs for the corresponding studies are 759 provided in Supplementary Table 13 . 760 761 For each IDP/trait pair, we used the LDSCORE regression software (v1.0.0) to 762 compute the genetic correlation between the IDP and the trait, with linkage 763 disequilibrium measurements taken from 1000 Genomes Project (provided by the 764 maintainers of the LDSCORE regression software). We filtered the SNPs to include 765 only those with imputation INFO >= 0.9 and MAF >= 0.1%. Only INFO scores for 766 major depressive disorder, schizophrenia and attention deficit hyperactivity disorder 767 were provided by the source studies, and so for these three analyses we applied the 768 INFO threshold to both the SNPs from our study and also the source study. For the 769 remaining 6 studies, an INFO filter was applied to the SNPs from our own study. Due 770 to low levels of heritability of the functional edge IDPs, all of these were removed 771 from this analysis. Since calculation of genetic correlation between traits only really 772 makes sense if both traits are themselves heritable, we only used those IDPs with z-773 scores for significantly non-zero heritability greater than 4. In total we used 897 IDPs. 774
To account for correlations between IDPs we used the raw phenotype correlation matrix to simulate z-scores (and associated tail probabilities) using samples from a 776 multivariate normal distribution with that same correlation matrix. we used the two-side enrichment p-value as reported by the LDSCORE regression 791 software. We labeled those p-values as enriched or depleted depending on whether 792 the enrichment estimate was greater or less than 1. We stratified these p-values 793 accordingly into 23 groups of IDPs. 794 volume. Nature Communications 8, 13624 (2017 IDP associations. For each cluster the most significant association between a SNP and an IDP is detailed by the chromosome, rsID, base-pair position, SNP alleles, non-reference allele frequency, p-value in the discovery sample and the replication p-values. The locus column details a gene if the SNP is in that gene. If we found a coding SNP or eQTL in high LD with the lead SNP, then this is reported instead.
